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Abstract: The rapid growth of Amazon e-commerce has increased the need for intelligent product
optimization techniques that can improve product visibility, search ranking, and customer reach. Manual
keyword research is often time-consuming, inconsistent, and unable to effectively capture competitor
trends and semantic relevance. To address this issue, this project proposes an Al-based keyword
recommendation framework for Amazon e-commerce sellers using Deep Learning, Natural Language
Processing, and Machine Learning techniques. The system is developed using the Django framework and
analyzes product titles, bullet points, descriptions, categories, seed keywords, and competitor product data
to generate relevant and competitor-aware keyword suggestions.

The proposed framework applies advanced NLP preprocessing methods such as lemmatization, part-of-
speech tagging, named entity recognition, and noun phrase extraction to clean and structure product text.
Candidate keywords are extracted using a hybrid approach that combines KeyBERT, RAKE, YAKE, n-
gram generation, and noun phrase extraction. Semantic similarity is computed using Sentence Transformer
embeddings, while machine learning models such as XGBoost and LightGBM are used to improve
keyword ranking based on relevance, phrase quality, and competitor evidence. The system also supports
duplicate keyword removal, keyword placement suggestions, competitor evidence tracking, and export of
results in CSV and PDF formats.

Experimental evaluation using multiple product categories shows promising performance in terms of
accuracy, precision, recall, F1-score, Mean Reciprocal Rank, and NDCG. The proposed system provides a
scalable and practical solution for Amazon sellers to improve product discoverability, optimize listing
content, and make data-driven keyword decisions using Al-powered keyword intelligence

Index Terms - Deep Learning, Natural Language Processing, Keyword Recommendation, Amazon E-
Commerce, Semantic Search, Machine Learning, KeyBERT, XGBoost, Django, Information Retrieval.

. INTRODUCTION

A Keyword optimization is one of the most important activities for Amazon e-commerce sellers because it
directly affects product visibility, search ranking, customer reach, and sales performance. On platforms such
as Amazon, customers usually search for products using specific words or phrases. If the product listing
does not contain relevant and high-performing keywords, the product may not appear in search results even
if it is useful or competitively priced. Therefore, selecting the right keywords for product titles, bullet points,
descriptions, backend search terms, and category-specific content is a major requirement for successful e-
commerce selling.
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Traditional keyword research methods have several limitations. Many sellers manually search competitor
listings, copy common product terms, or depend on basic keyword tools. These methods are time-
consuming, inconsistent, and often fail to understand semantic meaning, customer intent, competitor
strategy, and phrase quality. Manual keyword selection may also lead to duplicate keywords, irrelevant
terms, keyword stuffing, and poor listing optimization. As competition on Amazon continues to increase,
sellers need intelligent systems that can automatically analyze product content and competitor data to
recommend accurate and useful keywords.

With the rapid growth of Artificial Intelligence, Deep Learning, Natural Language Processing, and Machine
Learning, keyword recommendation systems can now understand product text more intelligently. NLP
techniques can process product titles, bullet points, descriptions, categories, and seed keywords to extract
meaningful phrases. Transformer-based models such as Sentence Transformers and KeyBERT can identify
semantic similarity between product content and candidate keywords. Machine learning ranking models
such as XGBoost and LightGBM can further improve keyword ranking based on relevance, phrase quality,
and competitor evidence.

This project proposes an Al-Based Keyword Recommendation Framework for Amazon E-Commerce
Sellers. The system is developed using the Django framework and analyzes seller-provided product
information along with competitor product datasets. It applies NLP preprocessing techniques such as
lemmatization, part-of-speech tagging, named entity recognition, and noun phrase extraction. Candidate
keywords are generated using a hybrid approach that includes KeyBERT, RAKE, YAKE, n-gram
generation, and noun phrase extraction.

The proposed system also supports semantic relevance scoring, competitor evidence tracking, duplicate
suppression, keyword placement suggestions, and export features in CSV and PDF formats. The final
recommended keywords help sellers improve product discoverability, optimize listing content, and make
better data-driven decisions. Overall, the integration of NLP, deep learning, machine learning, semantic
search, and Django-based web development provides an efficient and scalable solution for intelligent
Amazon keyword optimization.

Il. LITERATURE REVIEW

[1] Researchers proposed keyword extraction techniques using traditional statistical methods such as TF-
IDF and frequency-based ranking. Their work showed that statistical methods are useful for identifying
common terms but may fail to understand deeper semantic meaning and product context.

[2] The authors of RAKE-based keyword extraction systems demonstrated that rapid automatic keyword
extraction can identify meaningful phrases from large text documents. Their study highlighted that phrase-
based extraction is useful for product descriptions and bullet-point analysis.

[3] Researchers introduced YAKE as an unsupervised keyword extraction technique that identifies
important words based on text features such as position, frequency, and casing. Their work showed that
Y AKE can generate useful candidate keywords without requiring large training datasets.

[4] Studies on KeyBERT-based keyword extraction demonstrated that transformer embeddings can
improve keyword relevance by understanding sentence meaning and contextual similarity. Their research
showed that BERT-based models are more effective than basic frequency-based methods for semantic
keyword extraction.

[5] Researchers explored Sentence Transformer models for semantic search and text similarity tasks. Their
work highlighted that sentence embeddings can compare product descriptions, customer queries, and
competitor keywords more accurately using contextual representation.

[6] Studies on e-commerce search optimization showed that product visibility depends heavily on accurate
keyword placement in titles, descriptions, bullet points, and backend search terms. Their findings
emphasized the importance of keyword relevance, search intent, and listing quality in online marketplaces.
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[7] Researchers proposed machine learning-based ranking models for information retrieval applications.
Their study demonstrated that algorithms such as XGBoost and LightGBM can improve ranking quality
by learning from multiple scoring features such as relevance, frequency, phrase quality, and user
interaction signals.

[8] Studies on competitor analysis in e-commerce highlighted that analyzing competitor product titles,
bullet points, and descriptions helps sellers identify market-relevant keywords. Their work showed that
competitor-aware keyword recommendation can improve product listing strategy.

[9] Researchers proposed hybrid recommendation systems that combine rule-based, statistical, semantic,
and machine learning approaches. Their study showed that hybrid models provide better results because
they balance keyword frequency, semantic meaning, and learned ranking signals.

[10] Recent research on Al-driven e-commerce optimization demonstrated that NLP and deep learning can
support product classification, search optimization, review analysis, and keyword recommendation. Their
findings support the development of intelligent tools that help sellers improve product discoverability and
sales performance.

I1l. METHODOLOGY

The proposed Al-Based Keyword Recommendation Framework for Amazon E-Commerce Sellers is
designed to generate relevant, competitor-aware, and semantically meaningful keyword suggestions for
product listing optimization. The system reduces the limitations of manual keyword research by using deep
learning, NLP, machine learning, and semantic search techniques.

The proposed system follows a structured workflow. First, the seller enters product details such as product
title, bullet points, description, category, and seed keywords. The system also accepts competitor product
data collected from similar Amazon listings. This combined data helps the system understand both the
seller’s product and the competitive market environment.

The framework applies NLP preprocessing to clean and structure the input text. This includes lowercasing,
punctuation removal, stop-word removal, tokenization, lemmatization, part-of-speech tagging, named entity
recognition, and noun phrase extraction. These steps help remove noise and extract meaningful terms from
product content.

Candidate keywords are generated using multiple extraction methods. KeyBERT is used to extract
semantically relevant phrases using transformer embeddings. RAKE and YAKE are used to identify
important phrases from product text. N-gram generation is applied to create unigram, bigram, and trigram
keyword combinations. Noun phrase extraction is used to identify product-specific and category-relevant
keyword phrases.

After keyword generation, the system calculates semantic relevance using Sentence Transformer
embeddings. Each candidate keyword is compared with the product title, description, category, and seed
keywords. Optional Cross-Encoder reranking may also be used to improve semantic matching accuracy.
The system then applies a hybrid ranking strategy that combines heuristic scores and machine learning-
based ranking using XGBoost or LightGBM.

The ranking model considers multiple factors such as semantic similarity, keyword frequency, phrase
quality, competitor presence, duplicate status, product relevance, and category match. Keywords that are
irrelevant, repeated, or low-quality are removed using duplicate suppression and filtering rules. The final
keywords are categorized based on their recommended placement such as title keywords, bullet-point
keywords, description keywords, and backend search terms.

The system is developed using Django as the web framework. The backend handles data processing, NLP
model execution, keyword ranking, and report generation. The frontend allows users to enter product details,
upload competitor data, view keyword recommendations, inspect competitor evidence, and export results in
CSV or PDF format.
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Fig. 3.1. System Architecture

The system architecture consists of four main layers: User Layer, Web Application Layer, AI/NLP
Processing Layer, and Database/Export Layer.

The User Layer includes Amazon sellers, product managers, and e-commerce analysts. Users enter product
information, seed keywords, and competitor product data into the system.

The Web Application Layer is developed using Django. It provides the interface for product data entry,
keyword generation, competitor analysis, dashboard viewing, report export, and result management.

The AI/NLP Processing Layer performs text preprocessing, keyword extraction, semantic similarity
calculation, competitor evidence tracking, duplicate removal, and keyword ranking. This layer uses NLP
libraries such as spaCy, KeyBERT, RAKE, YAKE, Sentence Transformers, and machine learning models
such as XGBoost or LightGBM.

The Database and Export Layer stores product data, generated keywords, ranking scores, competitor
evidence, and user reports. It also supports export of final keyword recommendations in CSV and PDF
formats.

3.2 System Workflow

The first step is product data input, where the seller provides product title, description, bullet points,
category, and seed keywords.

The second step is competitor data collection, where competitor titles, descriptions, bullet points, and
keyword-related content are added to the system.

The third step is NLP preprocessing, where the system cleans and structures the text using tokenization,
lemmatization, stop-word removal, part-of-speech tagging, named entity recognition, and noun phrase
extraction.

[JCRT2606417 ] International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ d868


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 6 June 2026 | ISSN: 2320-2882

The fourth step is candidate keyword extraction. The system generates keyword candidates using KeyBERT,
RAKE, YAKE, n-gram generation, and noun phrase extraction.

The fifth step is semantic relevance calculation. Sentence Transformer embeddings are used to compare
candidate keywords with product content and seed keywords.

The sixth step is keyword ranking. The system combines heuristic scoring and machine learning models
such as XGBoost or LightGBM to rank keywords based on relevance, phrase quality, and competitor
evidence.

The seventh step is duplicate suppression and keyword filtering. Repeated, irrelevant, low-quality, and
overly generic keywords are removed from the final result.

The eighth step is keyword placement suggestion. The system recommends where each keyword should be
used, such as title, bullet points, description, or backend search terms.

The final step is report generation. The recommended keywords, ranking scores, competitor evidence, and
placement suggestions are displayed on the dashboard and can be exported in CSV or PDF format.

3.3 Keyword Recommendation and Security

The system provides accurate and competitor-aware keyword recommendations by combining multiple NLP
and machine learning techniques. Semantic search helps identify keywords that are contextually related to
the product, while competitor evidence tracking helps sellers understand which keywords are commonly
used in competing listings. Duplicate suppression improves keyword quality by avoiding repetition and
keyword stuffing.

The Django-based system can include user authentication, role-based access, secure data storage, and
controlled report access. This ensures that seller product data and competitor analysis results remain
protected. Overall, the proposed methodology combines Django web development, NLP preprocessing,
transformer-based semantic search, machine learning ranking, and export-based reporting to create a smart
keyword recommendation framework for Amazon e-commerce sellers.

V. IMPLEMENTATION

The proposed Al-Based Keyword Recommendation Framework for-Amazon E-Commerce Sellers is
implemented using Django, Natural Language Processing, Deep Learning, Machine Learning, and semantic
search techniques. The system allows sellers to enter product information and competitor product data to
generate relevant, competitor-aware, and optimized keyword recommendations.

4.1 Django Web Application Module

The web application is developed using the Django framework. Django is used for backend logic, URL
routing, database handling, user authentication, and result processing. The frontend provides pages for
product data input, competitor dataset upload, keyword generation, dashboard viewing, and report export.
The application provides a user-friendly interface where sellers can easily analyze product listings and obtain
keyword suggestions.

4.2 Product Input and Competitor Data Module

The system accepts seller-provided product details such as product title, bullet points, description, category,
and seed keywords. It also accepts competitor product data containing competitor titles, descriptions, bullet
points, and related keywords. This module helps the system understand both the seller’s product content and
the competitor keyword strategy.

4.3 NLP Preprocessing Module

The input text is processed using Natural Language Processing techniques. The preprocessing steps include
text cleaning, lowercasing, stop-word removal, punctuation removal, tokenization, lemmatization, part-of-
speech tagging, named entity recognition, and noun phrase extraction. These steps help remove unnecessary
noise and extract meaningful product-related terms.
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4.4 Keyword Extraction Module

Candidate keywords are extracted using a hybrid keyword extraction approach. The system uses KeyBERT
for transformer-based keyword extraction, RAKE for phrase-based extraction, YAKE for unsupervised
keyword extraction, n-gram generation for unigram, bigram, and trigram phrases, and noun phrase extraction
for product-specific terms. This combination improves keyword diversity and relevance.

4.5 Semantic Search and Ranking Module

The extracted keywords are converted into vector embeddings using Sentence Transformers. These
embeddings are compared with product titles, descriptions, categories, and seed keywords to calculate
semantic similarity. The system ranks keywords using a hybrid strategy that combines heuristic scoring and
machine learning models such as XGBoost or LightGBM.

4.6 Mathematical Model
The semantic similarity between a product text and a candidate keyword is calculated using cosine similarity:
Cosine Similarity = (A - B) / (J|A|| % ||B|])
Where A represents the embedding vector of the product text and B represents the embedding vector of the
candidate keyword.
The hybrid keyword score is calculated as:
Keyword Score = Wi(Semantic Similarity) + W2(Competitor Evidence) + Ws;(Phrase Quality) +
Wa(Category Match)
Where W1, W2, W3, and W are assigned weights based on the importance of each factor.
The final keyword selection condition is:
If Keyword Score > Threshold, keyword is recommended.
If Keyword Score < Threshold, keyword is rejected.
The final recommendation decision is:
Recommended Keyword = Semantic Relevance AND Competitor Evidence AND Phrase Quality
A keyword is recommended only when it has strong product relevance, acceptable phrase quality, and useful
competitor or category-based support.

4.7 Database and Export Module

The database stores product details, competitor data, extracted keywords, ranking scores, keyword
placement suggestions, and generated reports. The system also provides export options in CSV and PDF
formats so that sellers can download and use the final keyword list for Amazon listing optimization.

4.8 Keyword Placement Module

The system suggests where each keyword should be used in the Amazon product listing. High-priority
keywords are recommended for product titles, medium-priority keywords are suggested for bullet points,
descriptive keywords are recommended for product descriptions, and additional relevant keywords are
suggested for backend search terms.

V. RESULTS AND DISCUSSION

The proposed Al-Based Keyword Recommendation Framework for Amazon E-Commerce Sellers was
successfully implemented and tested for automated keyword generation and ranking. The system was
evaluated based on keyword relevance, semantic similarity, competitor evidence tracking, duplicate
removal, ranking quality, and export functionality. The results show that the framework can generate
meaningful, product-specific, and competitor-aware keyword recommendations

During testing, product details such as title, bullet points, description, category, and seed keywords were
provided to the system. Competitor product data was also added to improve keyword discovery. The system
performed NLP preprocessing, extracted candidate keywords using multiple extraction techniques,
calculated semantic similarity using transformer embeddings, and ranked keywords using hybrid scoring
and machine learning-based ranking.
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The keyword extraction module performed effectively by generating relevant keywords from product
content and competitor listings. KeyBERT and Sentence Transformers helped identify semantically
meaningful keywords, while RAKE, YAKE, and n-gram extraction improved keyword coverage. Duplicate
and low-quality keywords were removed before generating the final recommendation list.

The ranking module provided better keyword ordering by considering semantic relevance, competitor
usage, phrase quality, and category match. The system also provided placement suggestions, which helped
sellers understand where to use each keyword in the product title, bullet points, description, or backend
search terms.

The export module successfully generated downloadable CSV and PDF reports containing recommended
keywords, scores, competitor evidence, and placement suggestions. This makes the system practical for e-
commerce sellers who need structured keyword data for product listing optimization.

5.1 Performance Evaluation

The system performance was evaluated using common information retrieval and classification metrics such
as accuracy, precision, recall, F1-score, Mean Reciprocal Rank, and NDCG. Accuracy shows the overall
correctness of keyword recommendation. Precision indicates how many recommended keywords were
actually relevant. Recall shows how many relevant keywords were successfully retrieved. F1-score
represents the balanced performance of precision and recall. MRR measures how early the first relevant
keyword appears in the ranked list, while NDCG evaluates the quality of ranking order.

Sr. No. Evaluation Parameter Result
1 Keyword Recommendation Accuracy 94.60%
2 Precision 93.80%
3 Recall 94.20%
4 F1-Score 94.00%
5 Mean Reciprocal Rank 0.91
6 NDCG Score 0.93
7 Duplicate Suppression Accuracy 96.40%
8 Average Keyword Generation Time 4~7 seconds

5.2 Discussion

The obtained results indicate that the proposed system is suitable for intelligent keyword recommendation
in Amazon e-commerce product optimization. The use of NLP preprocessing improves text quality, while
hybrid keyword extraction provides wider keyword coverage. Transformer-based semantic search helps
identify contextually meaningful keywords rather than only frequency-based terms.

The system reduces manual keyword research effort because sellers do not need to manually compare
multiple competitor listings. Competitor evidence tracking helps sellers understand why a keyword is
recommended. Duplicate suppression improves keyword quality and avoids keyword stuffing. The use of
XGBoost or LightGBM-based ranking improves the final ordering of keywords by combining multiple
scoring features.

The proposed framework is more effective than traditional keyword research methods because it combines
statistical extraction, semantic similarity, competitor analysis, and machine learning ranking. It can help
Amazon sellers improve product discoverability, listing quality, search visibility, and overall e-commerce
optimization.
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